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What do farmers’ weed control decisions imply
about glyphosate resistance? Evidence
from surveys of US corn fields
Seth JWechsler,* Jonathan RMcFadden and David J Smith†
Abstract
BACKGROUND: The first case of glyphosate-resistantweeds in theUnited Stateswas documented in 1998, 2 years after the com-
mercialization of genetically engineered herbicide-resistant (HR) corn and soybeans. Currently, over 15 glyphosate-resistant
weed species affect US crop production areas. These weeds have the potential to reduce yields, increase costs, and lower farm
profitability. The objective of our study is to develop a behavioral model of farmers’ weed management decisions and use it to
analyze weed resistance to glyphosate in US corn farms.
RESULTS: On average, we find that weed control increased US corn yields by 3700 kgha−1 (worth approximately $US 255ha−1)
in 2005 and 3500 kgha−1 (worth approximately $US 575ha−1) in 2010. If glyphosate resistant weeds were absent, glyphosate
killed approximately 99% of weeds, on average, when applied at the label rate in HR production systems. Average control was
dramatically lower in states where glyphosate resistance was widespread.
CONCLUSION: We find that glyphosate resistance had a significant impact on weed control costs and corn yields of US farmers
in 2005 and 2010.
Published 2017. This article is a U.S. Government work and is in the public domain in the USA.
Supporting informationmay be found in the online version of this article.
Keywords: glyphosate resistance; genetically enginereed crops; herbicide resistance; corn; damage abatement; non-linear full informa-
tion maximum likelihood; control functions
1 INTRODUCTION
Prior to the development of selective herbicides, post-emergent
weed control was often costly and time consuming. In the early
1940s, the active ingredient 2,4-D was patented.1 The post-war
commercialization of this selective herbicide transformed domes-
tic weedmanagement practices and ushered in themodern era of
chemical weed control.
The herbicide glyphosate was patented in 1970.2 Unlike 2,4-D,
glyphosate was non-selective. Therefore, it was primarily used
in pre-emergent applications. This changed in 1996 when the
first genetically engineered herbicide-resistant (HR) crops were
commercialized. These crops simplified the use of non-selective
herbicides such as glyphosate in post-emergent applications.
Initially, demand for herbicide-resistant corn seedswas relatively
low. Fewer than 10% of US corn acres were planted with HR
seeds in 2000.3 However, adoption rates increased rapidly in the
early twenty-first century. By 2010, almost three out of every four
domestic corn acres were planted with herbicide-resistant seeds.
The rapid adoption of HR crops dramatically increased farmers’
post-emergent glyphosate use. Although glyphosate was applied
to only 4% of corn acres in 1996, it was applied to approximately
three out of four acres in 2010.4 Unfortunately, farmers’ reliance
on glyphosate led to the development of glyphosate-resistant
weed populations.5 As of 2015, over 15 glyphosate-resistant weed
species had been identified in the United States.6
Although it is possible to study the impacts of glyphosate resis-
tance at a local level using field trials, it is difficult to quantify these
impacts at a regional or national level because gathering detailed
information about weed populations is expensive and logistically
complicated. This article exploits the fact that resistance tends
to induce changes in farmers’ behavior. By assuming that farm-
ers are primarily interested in maximizing profits, we are able
to derive expressions for the optimal level of pre-emergent and
post-emergent weed control. We estimate the behavioral model
by analyzing repeated cross-sections of nationally representative
data from the USDA’s Agricultural Resource Management Survey
∗ Correspondence to: SJ Wechsler, US Department of Agriculture – Economic
Research Service, Washington, DC, USA. E-mail: seth.wechsler@ers.usda.gov
Correction added on 18 August 2017, after first online publication: the name of
the 14th row of Table 4 has been corrected to “HR seed adoption × number of
weeds resistant to glyphosate in state” in this version of the article.
† The views expressed are those of the authors and should not be attributed to
the Economic Research Service or the USDA.
US Department of Agriculture – Economic Research Service, Washington, DC,
USA
Pest Manag Sci (2017) www.soci.org Published 2017. This article is a U.S. Government work
and is in the public domain in the USA.
www.soci.org SJ Wechsler, JR McFadden, DJ Smith
(ARMS). The results of this analysis allow us to infer how resistance
affects weed control, crop damage, and yield losses.
1.1 Structural models of pest control
In agricultural economics, a widely held assumption is that crop
production (or yield) increases with increased input use, though
at a diminishing rate. This assumption makes sense for inputs
such as fertilizers, which directly increase yields. However, it makes
less sense for inputs such as herbicides, which prevent damages
caused by weeds. Lichtenberg and Zilberman7 developed a struc-
tural framework that accounts for the fact that pesticides only
impact yields when pests are present. Specifically, they modeled
yields such that Y =𝛶G(xp), where 𝛶 represents yields when pests
are absent, G ∈ (0,1) is abatement (the percentage of 𝛶 not dam-
aged by pest infestations), and xp is a measure of pesticide use.
Lichtenberg and Zilberman’s damage control framework has a
number of advantages. First, it produces intuitive estimates of
yield losses, crop damage, and the severity of pest infestations.
Second, and arguably more importantly, it predicts that resistance
increases pesticide use. Evidence suggests that this is how farmers
tend to behave in the field.8
Empirical tests of damage control models have produced favor-
able results. Saha et al.9 and Chambers and Lichtenberg10 found
that damage abatement models outperformed more conven-
tional methods of modelling yields. Chambers and Tzouvelekas11
demonstrated that damage control models could accurately esti-
mate the dynamics of pest populations.
1.2 Previous studies of HR crops
Few studies have used damage control models to analyze the
domestic impacts of HR crops. However, the impacts of HR
seed use have been studied using a variety of reduced-form
approaches. For instance, Fernandez-Cornejo et al.12 analyzed the
impacts of HR soybean adoption using data from USDA’s 1997
ARMS. They found that planting HR soybeans had a small, statis-
tically significant impact on yields, but an insignificant impact on
profits. Fernandez-Cornejo et al.13 employed a similar approach
using ARMS data collected in 2000. They found that HR soybean
adoption increased off-farm income, but not on-farm income.
Nolan and Santos14 estimated a reduced-form model of corn
yields using data from US field trials. They found limited evidence
that corn with HR traits had higher yields than corn produced
from conventional seeds.
To our knowledge, this is the first article to use the damage con-
trol framework to model the uncertainty induced by the timing of
corn farmers’ weed control decisions. However, our primary con-
tribution is to quantify the extent to which glyphosate resistance
affected US corn yields in 2005 and 2010. Although field tests can
indicate whether resistance has developed in field-level popula-
tions, our approach can be used to analyze large study regions. It
can be implemented wherever data about prices, field character-
istics, and farmers’ production practices are collected.
2 MATERIALS ANDMETHODS
2.1 A behavioral model of farmers’ weed control decisions
We assume that weeds can be controlled with tillage, culti-
vation, or herbicide applications. Selective herbicides can be
applied by any farmer, before or after crop emergence. Although
any non-selective herbicide (such as glyphosate) can be applied
prior to crop emergence, glyphosate-resistant seeds can survive
post-emergent glyphosate applications.
In the first stage of our model (t= 1), farmers choose whether
to plant glyphosate-resistant seeds, the amount of pre-emergent
herbicide to apply, and how much to till. In this stage there is
uncertainty about future growing conditions. In the second stage
(t= 2), farmers observe growing conditions, choose the amount of
post-emergent herbicide to apply, and howmuch to cultivate.
We assume that farmers’ primary goal is to maximize profits (𝜋),
which we model by assuming that
𝜋 = PY − pGRGR −
∑
t
∑
x
pxt X
x
t
t ∈ {1, 2}
x ∈ {H, T} (1)
where P is the price of corn, Y represents yields, pGR is the price
of glyphosate-resistant seeds, X1
T reflects the intensity of tillage
operations, X2
T reflects the intensity of cultivation, X1
H reflects
pre-emergent herbicide use, X2
H reflects post-emergent herbicide
use, GR is an indicator for glyphosate-resistant seed use, and pt
x is
the price of the weed-controlling input Xt
x.
We assume that farmers maximize expected profits by choosing
the amount of each weed-controlling input to apply. These weed
control decisions do not affect input or output prices. Therefore,
the farmer’s profit maximization problem is
max
Xxt ≥0,GR∈{0,1}
E
[
PY − pGRGR −
∑
t
∑
x
pxt X
x
t
]
s.t. Y = 𝛶G
(
GR, XT1 , X
H
1 , X
T
2 , X
H
2 , W1, W2
)
exp (v) (2)
where 𝛶 represents weed-free yields, G ∈ (0,1) is abatement (the
percentage of 𝛶 not damaged by weeds), W1 is the size of the
uncontrolled weed population in the pre-emergent stage, W2 is
the sizeof theuncontrolledweedpopulation in thepost-emergent
stage, and v is a realization of the random variable 𝜀 (epsilon
enters the expected yield function in the pre-emergent stage).
Uncertainty enters themaximization problem because farmers do
not have information about future growing conditions at plant-
ing time. Consequently, farmers must make their pre-emergent
weed control decisions based on expectations about yields and
post-emergent weed control.
In order to derive expressions for the optimal level of
pre-emergent and post-emergent weed control, the abate-
ment function must be specified. Building on Fox and Weersink,15
we assume that the abatement function is multiplicatively sep-
arable such that G=G1G2 and model abatement in stage t as
Gt = 1−Dt(Wt,Ct), where Dt represents crop damage (the per-
centage of 𝛶 damaged by weed infestations) and Ct represents
weed control (the percentage of the weed population killed by
herbicides, tillage and/or cultivation). Weed control is increasing
in the amount of herbicide applied, the intensity of tillage oper-
ations, and the intensity of cultivation practices. Crop damage is
decreasing in the amount of weed control and increasing in the
size of the weed population.
Both Ct and Dt are specified using exponential cumulative distri-
bution functions. The weed control functions are
Ct = 1 − exp
(∑
x
−cxt X
x
t
)
(3)
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Figure 1. Graphs of control, damage and relative yields as a function of weed control inputs (with and without resistance) and weed population.
where ct
x is a ‘weed control’ parameter (Fig. 1a). Conceptually, c
reflects the efficacy of an input. If c is large, the input is effective.
As will be discussed in the following section, c is affected by a
variety of field-level conditions and environmental factors. For
instance, HR seed use may increase the efficacy of post-emergent
herbicides, but resistance can reduce it.
The damage functions are
Dt = 1 − exp
[
−dtWt
(
1 − Ct
)]
(4)
where dt is a ‘damage’ parameter (Figs 1b and c). Conceptually,
d reflects the destructiveness of weeds at different points during
the growing season. Larger values of d correspond to larger crop
damage.
This specification of the abatement function implies that yields
are
Y = 𝛶 exp (v)G
= 𝛶 exp (v)
2∏
t=1
exp
[
−dtWtexp
(∑
x
−cxt X
x
t
)]
. (5)
Equation 5 closely resembles the Gompertz model, which has
beenusedbyweed scientists to estimate the relationship between
yields and weed-free days.16,17 Notice that yields are increasing in
the amount ofweed control and decreasing in the size of theweed
population (Figs 1d and e).
We are able to derive expressions for the optimal level of
pre-emergent herbicide use, post-emergent herbicide use, tillage,
and cultivation by solving the farmer’s expected profit maximiza-
tion problem.We could estimate these non-linear functions simul-
taneously, but doing so would be technically challenging (in part
because many farmers do not use all four inputs during the same
growing season). Fortunately, the results of the behavioral model
can be used to simplify the empirical analysis.
If a farmer ismaximizing profits, an increase in onepre-emergent
input must provide the same increase in profits as an increase
in every other pre-emergent input. If it did not, the farmer could
benefit by increasing the use of one input while reducing the use
of the other. The same logic applies to post-emergent input use.
This implies that pt
T/ct
T = ptH/ctH if both tillage and herbicides are
used in stage t.
We use this theoretical result to derive expressions for the
optimal level of pre-emergent and post-emergent weed con-
trol expenditures (see supporting information Appendix A). The
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Table 1. Summary statisticsa
Mean SD
Endogenous variables
Expenditures on pre-emergent weed
control ($US ha−1)
23.00 21.96
Expenditures on post-emergent weed
control ($US ha−1)
25.51 23.70
Yield goal (kg ha−1) 12 881 2313
Yield (kg ha−1) 11 908 3178
Herbicide-resistant (HR) seed use (%) 48 50
Exogenous variables
Herbicide-resistant seed price ratio (HR to
conventional)
1.28 0.12
Glyphosate price ($US kg−1) 15.47 5.23
Corn price ($US kg−1) 0.12 0.05
Diesel price ($US L−1) 0.62 0.05
Non-glyphosate post-emergent herbicide
price ($US adj. kg−1)
27.13 7.19
Corn area (ha) 223.03 9.06
NCCPI corn and soybean index 0.50 0.17
Highly erodible soil indicator (0–1) 0.20 0.40
Soil pH (scale on 0–14) 6.22 0.42
Soil organic matter (%) 3.53 1.54
Deviation from normal February
precipitation (cm)
−4.27 37.43
Cumulative growing season precipitation,
20 year average (cm)
16.5 1.79
Cumulative growing degree days, 20 year
average (GDDs)
1471 162.35
Number of state-level weeds resistant to
glyphosate in corn
0.53 0.99
Number of state-level weeds resistant to
herbicides, previous year
12.76 5.40
Heartland (%) 68 47
Northern Crescent (%) 20 40
Northern Great Plains (%) 02 15
Prairie Gateway (%) 09 29
Eastern Uplands (%) 01 12
Year 2010 (%) 48 50
Number of observations 2397
a All prices and expenditures have been deflated to 2010US dollars. To
ensure representativeness of US corn fields, data have been weighted
using NASS’ base expansion factor.
optimal level of pre-emergent expenditures is
Cost1 ≡
∑
x
px1X
x
1 =
p1
c1
⎡⎢⎢⎣ln
(
d1W1
)
+ ln
⎛⎜⎜⎝
PE [Y]
p1
c1
− p2
c2
⎞⎟⎟⎠
⎤⎥⎥⎦. (6)
The optimal level of expenditures on post-emergent weed
control is
Cost2 ≡
∑
x
px2X
x
2 =
p2
c2
[
ln
(
d2W2
)
+ ln
(
c2PY
p2
)]
. (7)
These expressions provide valuable insight into how changes
in the explanatory variables and model parameters affect
farmers’ demand for weed control. Equation 6 suggests that
expenditures on pre-emergent weed control increase with the
size of the pre-emergent weed population, the destructiveness
of this population, the price of corn, the price of post-emergent
weed control, and expected yields. Decreases in the efficacy of
post-emergent control also increase pre-emergent expenditures.
Equation 7 suggests that expenditures on post-emergent weed
control increase with the size of the post-emergent weed popula-
tion, the destructiveness of this population, corn prices, and yields.
Because we assumed that uncontrolled weeds grow between
stage 1 and stage 2 such thatW2 =W1[1−C1]exp(r), where r is the
growth rate, the optimal level of post-emergent weed control also
depends on the level of pre-emergent expenditures.
Having derived equations 6 and 7, it is possible to model
corn yields in terms of optimal pre-emergent and post-emergent
expenditures on weed control:
Y = 𝛶 exp (v)
2∏
t=1
exp
[
−dtWtexp
(
−
ct
pt
Costt
)]
. (8)
2.2 Empirical approach
We recover the model parameters by estimating the following
system of non-linear equations:
Cost1 =
p1
c1
[
ln
(
d1W1
)
+ ln (PE [Y]) − ln
(
p1
c1
−
pj2
cj2
)]
+ e1
Cost2 =
pj2
cj2
[
ln
(
d2W1
)
+ r −
c1
p1
Cost1 + ln
(
cj2PY
pj2
)]
+ e2
ln (Y) = ln (𝛶 ) − d1W1 exp
(
−
c1
p1
Cost1
)
− d2W1 exp
(
r −
c1
p1
Cost1 −
cj2
pj2
Cost2
)
+ v (9)
where j ∈ {g,ng}, g reflects glyphosate use, ng reflects the use of
herbicidesother thanglyphosate, and et are appendederror terms.
Crucially, the form of equation 9 depends on whether glyphosate
is used in a post-emergent application. This allows us to estimate
the efficacy of post-emergent weed control for: 1) fields where
glyphosate is used in post-emergent weed control systems (c2
g)
and 2) fields where glyphosate is not used in post-emergent weed
control systems (c2
ng). We assume that (e1, e2, v) has a joint nor-
mal distribution. Therefore, there is a closed-form expression for
the log-likelihood function corresponding to equation 9.18,19 We
estimate the system of equations using non-linear full informa-
tion maximum likelihood. As discussed in supporting information
Appendix B, the form of the likelihood function also depends on
whether an observation is censored.
We assume that a variety of factors influence the efficacy ofweed
control. For example, we expect the efficacy of post-emergent
glyphosate applications to be lower on fields where glyphosate
resistant weeds are present. We expect soil characteristics such
as pH and organic matter content to influence the efficacy of
pre-emergent weed control (c1) because pre-emergent herbicides
tend to be applied to (or incorporated into) the soil.20 Therefore,
we let
c1 = pre0 + prepHpH + preOMOM + pre2010I2010
cng2 = postng0 + postng2010I2010
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Figure 2. Number of glyphosate-resistant weeds in corn by state (source: ERS, using data from Heap).6
cg2 = postg0 + postgHRHR + postgRR
+ postgHRRHR · R + postg2010I2010 (10)
where pH is the soil pH, OM is the percentage of soil organic
matter, I2010 is the indicator for 2010, HR is an indicator of
herbicide-resistant seed use, and R is a state-level variable indi-
cating the number of glyphosate-resistant weed species affecting
corn production.
We assume that local environmental conditions influence
weed-free yields. Therefore, we let 𝛶 = exp(𝜷′𝜰 z𝜰 ), where 𝜷𝜰 is a
vector of parameters and z𝜰 is a vector of variables that capture
variations in soil and climatic characteristics such as: the National
Commodity Crop Productivity Index (NCCPI) for corn and soy-
beans, 20 year averages of cumulative precipitation and growing
degree days, an indicator for the year 2010, and indicators for the
ERS-designated Farm Resource Regions (Heartlands, Northern
Crescent, Northern Great Plains, and Prairie Gateway).
We do not have detailed field-level information about the size of
weed populations. Therefore, we model weed pressure using the
same variables we used tomodel weed-free yields. Specifically, we
let dtWt = exp(𝜷′Wt zWt), where 𝜷Wt is a vector of parameters, and
zWt is a vector of variables. Reparameterizing dtWt and 𝛶 using
an exponential functional form ensures that weed-free yields,
pre-emergent pest pressure, and post-emergent pest pressure are
positive.
Our proxies for weed pressure are imperfect. Therefore, we
consider the possibility that our results are biased by latent or
omitted variables. This problem, called endogeneity, occurs if
latent (or poorly-modeled) variables are correlated with both
the dependent variable and other independent variables. Two of
the variables in our model, yield goals and glyphosate-resistant
Pest Manag Sci (2017) Published 2017. This article is a U.S. Government work wileyonlinelibrary.com/journal/ps
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Table 2. Sample means by post-emergent weed control strategy
Unit 2005 2010
Fields with post-emergent glyphosate applications
Total pre-emergent expenditures $US ha−1 20.90 27.19
Total post-emergent expenditures $US ha−1 24.05 28.78
Expenditures on tillage $US ha−1 11.58 10.67
Expenditures on cultivation $US ha−1 1.43 0.64
Expenditures on pre-emergent herbicidesa $US ha−1 3.47 4.72
Expenditures on post-emergent herbicidesa $US ha−1 8.10 9.25
Yield goal kg ha−1 11 960 13 420
Yield kg ha−1 11 457 12 473
Herbicide-resistant seed users % 82 87
Number of glyphosate-resistant weeds 0.06 1.09
Number of observations 383 928
Fields without post-emergent glyphosate applications
Total pre-emergent expenditures $US ha−1 19.61 24.43
Total post-emergent expenditures $US ha−1 18.16 38.93
Expenditures on tillage $US ha−1 12.18 13.03
Expenditures on cultivation $US ha−1 2.48 0.80
Expenditures on pre-emergent herbicidesa $US ha−1 2.78 3.09
Expenditures on post-emergent herbicidesa $US ha−1 5.74 13.67
Yield goal kg ha−1 12 741 12 868
Yield kg ha−1 11 585 11 896
Herbicide-resistant seed users % 4 47
Number of glyphosate-resistant weeds 0.12 0.79
Number of observations 750 336
Total number of observations 1133 1264
a Excluding machinery application costs.
seed use, are likely to be correlated with weed pressure. For
instance, HR seed use is more likely to be prevalent in locations
where weed pressure is higher. If we systematically underestimate
weed pressure, we could underestimate the impacts of glyphosate
resistance.We test and account for endogeneity using a two-stage,
control function-based approach.21–23
First, a probit model is used to analyze farmers’ seed choices
and an ordinary least squares regression is used to analyze yield
goals (which serve as a proxy for expected yields). Next, the results
from these regressions are used to estimate residuals, or control
functions, which serve as proxies for latent variables that could
bias our estimates. These control functions are included in zW , the
vector of variables we use to model weed pressure.
To account for the two-stage nature of the endogeneity correc-
tion, and to ensure that our results are nationally representative,
weusedabootstrappingprocedure that resamples eachfield (with
replacement) according to USDA’s National Agricultural Statistics
Service’s (NASS) population expansion factor.21,24,25 Results are
reported as means across 300 bootstrap samples.
Not all of the farmers in our sample controlledweedsbothbefore
and after crop emergence. Approximately 13% did not till or spray
with pre-emergent herbicides. Roughly 7% did not cultivate or
spray with post-emergent herbicides. There were seven fields in
our 12-state study region where weeds were not controlled at
all. We excluded these seven observations from our sample. The
methods described in Yen and Lin26 were used to account for
censoring in the pre-emergent and post-emergent cost functions.
2.3 Data
2.3.1 Compilation and construction
The ARMS is a cross-sectional, multiphase survey with a complex
design.27 Phase II of this survey gathers field-level information
about input use and production practices. Commodity-specific
versions of the Phase II questionnaire are administered approxi-
mately once every five years. This study analyzes data from the
2005 and 2010 ARMS Phase II corn surveys.
The Phase II ARMS data contain information about seed choices,
tillage decisions, and yield goals. The data also contain informa-
tion about the timing of herbicide applications and the quantity
of herbicide products applied. Although the ARMS survey collects
information about a wide range of prices, the response rates for
these questions tend to be low and highly-variable. Therefore,
state-level estimates underlying the April release of NASS’ Agricul-
tural Prices report were used for herbicide active ingredient prices,
corn prices, and diesel prices. We used the ratio of HR seed and
conventional seed prices (calculated from responses to the ARMS
survey) as aproxy for the real priceofHR traits. Priceswere adjusted
to 2010 levels using the Bureau of Labor Statistic’s Consumer Price
Index.
Average quality-adjusted prices for glyphosate and herbicides
other than glyphosate (pj) were estimated for every state and year.
First, we converted every product application into a percentage of
its label rate. Next, we multiplied these percentages by the label
rate of a reference product (in this case, Roundup Original) and
converted the pounds of product into pounds of active ingredient
(we assumed a label rate of 1.12 kg glyphosate ha−1). We divided
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Table 3. First-stage estimates of HT seed adoption and yield goalsa
Variable HR seed use ln(Yield goals)
Prices
ln(HT seed price ratio) −0.24 0.04
ln(Glyphosate price) 0.21 0.10**
ln(Corn price) −1.11 0.15
Diesel price −1.42* 0.22**
Area and growing conditions
ln(Corn area) 0.08*** 0.03***
NCCPI corn and soybean index −0.81*** 0.28***
Highly erodible soil indicator 0.12 −0.02**
Soil pH 0.72 0.64***
Soil organic matter 0.72** −0.01
Deviation from normal February
precipitation
0.01*** −0.002***
Cumulative growing season
precipitation, 20 year average
−0.01 0.12***
Cumulative growing degree days, 20
year average
−0.64* −0.24***
Number of state-level weeds resistant
to glyphosate in corn
0.05 −0.01**
Number of state-level weeds resistant
to herbicides, previous year
−0.01 −0.001
Farm resource region and year
indicators
Heartland −0.24 0.07**
Northern Crescent −0.46 0.03
Northern Great Plains −0.06 0.04
Prairie Gateway −0.23 0.02
Year 2010 3.14*** −0.11
Intercept 3.36 3.62***
R2 – 0.27
AIC 2543.9 –
Number of Observations 2397 2397
a Asterisks *, **, and *** denote 10, 5, and 1% levels of significance.
Parameter estimates are calculated as means across B= 300 boot-
strap samples. The standard errors are bootstrapped to maintain con-
sistency with the set of bootstrapped standard errors for the main
results. The AIC and R2 values are calculated as means across the
same set of bootstrap samples. The omitted region indicator is the
Eastern Uplands area. Values of soil organic matter and soil pH have
beendividedby10, cumulativegrowing seasonprecipitationhasbeen
dividedby10, and cumulativegrowingdegreedays havebeendivided
by 1000.
state-level expenditures by state-level quality-adjusted quantities
to get quality-adjusted prices.
We estimated machinery costs for herbicide application and
tillage operations using detailed information about field oper-
ations from the ARMS survey. The cost of each operation was
estimated using engineering models and prices obtained from
NASS.28 We assumed that weed control costs were the sum of her-
bicide expenditures and machinery costs.
Data from Oregon State University’s PRISM Climate Group
were used to calculate county-level deviations from February
precipitation levels, cumulative growing season precipitation, and
cumulative growing degree days (GDDs). Ideally, GDDs should be
calculated using daily data. Consequently, we aggregated daily
data from annual PRISM records to develop cumulative growing
season (May–August)GDDs. For 2005, twenty year normswere cal-
culated by averaging cumlative growing season GDDs from 1985
to 2004. Cumulative growing season GDDs were averaged from
1990 to 2009 to get twenty year norms for observations recorded
in 2010. A similar process was used to construct our measure of
20-year-averaged cumulative growing season precipitation.
County-level averages of the Natural Resources Conservation
Service’s (NRCS) National Commodity Crop Productivity Index
(NCCPI) and soil characteristics from the Soil Survey Geographic
Database (SSURGO) were also used in the analysis. NCCPI values
from the Corn and Soybeans submodel were used as a proxy
for exogenous growing conditions that influence a soil’s inherent
capacity to produce corn.29 The index ranges from 0 to 1 and
aggregates a variety of weather attributes (e.g., frost-free days)
and soil physical-chemical properties (e.g., soil type, depth to
water table, available water capacity, cation exchange capacity,
saturated hydraulic conductivity, etc.).
Apart from the NCCPI, we used three variables to capture the
impacts of other important dimensions of soil quality that influ-
ence corn yields and farmers’ weed control decisions. The first
is a variable from the ARMS survey that indicates whether the
NRCS has categorized any part of the field as ‘highly erodible’. We
expect highly-eroded fields to have lower corn yields. Farmers on
HEL-designated fields may also tend to use mechanical means of
weed control. The remaining two variables, soil pH and soil organic
matter, are county averages fromtheSSURGOsurvey. Bothof these
variables affect herbicide persistence and efficacy.
Ideally, the ARMS data would include an exogenous measure of
field-evolved weed resistance. Unfortunately, it does not. There-
fore, we use state-level data from the International Survey of
Herbicide-Resistant Weeds as a proxy for the intensity of weed
resistance.6 Using variation in the number of glyphosate-resistant
weed species reported by state and over time, we are able to esti-
mate state-level impacts of glyphosate resistance.
2.3.2 Descriptive statistics
Table 1 summarizes the data used in this study. Adoption rates
for herbicide-resistant corn seeds more than tripled from 2005 to
2010. There were also large changes in input and output prices
over this time period. HR seed and corn pricesmore than doubled,
while glyphosate prices dropped by nearly 50%.
Generally, six glyphosate-resistant weed species were identi-
fied in corn fields over the course of our study period: com-
mon ragweed (Ambrosia artemisiifolia), giant ragweed (Ambrosia
trifida), horseweed (Erigeron canadensis), kochia (Bassia scopari),
palmer amaranth (Amaranthuspalmeri), and tall waterhemp (Ama-
ranthus tuberculatus). Missouri was the only state in our study
region that had glyphosate-resistant weeds in 2005 (Fig. 2). By
2010, glyphosate-resistant weed species had been identified in
South Dakota, Missouri, Illinois, Iowa, and Kansas. The most resis-
tant weed species were identified in South Dakota, where four
glyphosate-resistant weed species were reported (common rag-
weed, horseweed, kochia, and tall waterhemp).
Table 2 provides descriptive statistics by weed management
strategy. There are several notable trends. First, expenditures on
herbicides increased over the course of the study period, perhaps
because corn prices increased substantively. The most striking
change was in expenditures on post-emergent herbicides by
farmers that did not use glyphosate. These expenditures increased
from $US 5.7 ha−1 in 2005 to $US 13.4 ha−1 in 2010. Expenditures
on post-emergent herbicides by farmers that did use glyphosate
Pest Manag Sci (2017) Published 2017. This article is a U.S. Government work wileyonlinelibrary.com/journal/ps
and is in the public domain in the USA.
www.soci.org SJ Wechsler, JR McFadden, DJ Smith
Table 4. Parameter estimates for the non-linear system of weed control costs and yieldsa
Pre-emergent
weed pressure
(W1)
Post-emergent
weed pressure
(W2)
Weed-free
yields
[ln(𝛶 )]
Efficacy of
pre-emergent
herbicides
(c1)
Efficacy of
post-emergent
glyphosate
(c2
g)
Efficacy of
post-emergent
herbicides other
than glyphosate
(c2
ng)
Intercept −3.42*** −4.89** 5.39*** 2.38*** 3.89*** 1.90***
Cumulative growing season
GDDs, 20 year average
0.93 2.50*** −0.65***
Cumulative growing season
precipitation, 20 year average
−0.65* 0.57 0.09*
NCCPI 0.13 0.63 0.15***
Heartland −0.49 −1.08 0.38***
Northern Crescent 0.36 0.31 0.28**
Northern Great Plains −0.53 −1.17 0.25*
Prairie Gateway 0.14 −0.56 0.29**
Year 2010 −0.40* −0.49 0.04** 0.01 −0.05 −0.36
Soil pH −0.04
Soil organic matter 0.05
HR seed adoption 1.17
Number of weeds resistant to
glyphosate in state
−0.46
HR seed adoption×number of
weeds resistant to glyphosate
in state
−0.74*
Generalized residual for HR seed
use
0.26* 0.25**
Generalized residual for logged
yield goals
−1.81***
a Asterisks *, **, and *** denote 10, 5, and 1% levels of significance. Table entries are the means across the B= 300 bootstrap samples. Standard errors
underlying statistical significance are calculated as the standard deviation of the parameter estimates across the bootstrap samples. Estimates are
robust to a wide range of starting values. These estimates are presented, along with standard errors and 95% confidence intervals, in supporting
information Appendix B.
Table 5. A comparison of field trials and model estimates: crop damage and control (on fields in HT production systems in the absence of
glyphosate-resistant weeds)a
Damage (%) Control (%)
With tillage Without tillage
Application rate
(kg ha−1) Sites
Post-emergent
glyphosate No herbicide
Post-emergent
glyphosate No herbicide
Post-emergent
glyphosate
Field trials
Cox et al.32 1.12 1 23 71
Gower et al.38 1.07 3 6 37 8 92 75
Gower et al.36 1.12 35 7 56 87
Johnson et al.37 1.12 3 12 73
Norsworthy and Frederick35 1.12 1 7 17 97
Nurse et al.34 1.12 2 10 52 97
Tharp and Kells39 1.12 1 4 44 2 57 93
Thomas et al.33 1.12 1 7 88 84
Average 10 55 5 74.5 89
Model 1.12 1311
Point estimate 1.4 15 4 36 99
95% (Percentile-Based) Confidence interval 1–2 9–25 3–6 22–63 97–100
a Neither pre-emergent nor other post-emergent herbicides were applied during the “Post-emergent glyphosate” field trials reported in this table.
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Table 6. Yield losses and damagea
2005 2010
Yield losses (kgha−1)
Without weed control 4508*** 3919**
At observed levels of weed control 794*** 387***
Damage (% of weed-free yield)
Without weed control 39*** 32**
At observed levels of weed control 7*** 3***
a Asterisks *, **, and *** denote 10, 5, and 1% levels of significance.
also increased over this time period, from $US 8.1 ha−1 in 2005
to $US 9.3 ha−1 in 2010. Though a $1.2 ha−1 increase may seem
negligible, glyphosate prices fell by approximately 50% from 2005
to 2010, so this small increase in expenditures belies a large
increase in glyphosate usage.
3 RESULTS ANDDISCUSSION
Table 3 presents results for the first stage of our two-stage empir-
ical model. We find that increases in soil organic matter and farm
size tend to increase the probability of HR seed use. The NCCPI has
a negative impact on HR seed use, perhaps because it is easier for
corn to outcompete weeds on fields with highly productive soils.
Surprisingly, the average price of an HR trait does not have a statis-
tically significant impact on adoption decisions. It is possible that
this is because state-level input and output prices are correlated.
This correlation, which is often referred to as multicollinearity,
can induce upward bias in estimates of the standard errors and
complicate the interpretation of the parameter estimates of the
collinear variables.30
We find that increases in soil productivity, farm size, and soil pH
tend to increase yield goals. These results are not surprising given
that corn grows best on fertile soils, that large farms tend to be
moreproductive, and that nutrient availability is restricted in acidic
soils.31
Table 4 depicts how farm and field-level conditions affect
pre-emergent weed pressure, post-emergent weed pres-
sure, and weed-free yields. They also suggest how effective
pre-emergent applications are relative to post-emergent ones.
We find that soil productivity increases pre-emergent weed pres-
sure, post-emergent weed pressure, and weed-free yields. Our
estimates of weed-free yields were higher in states such as Iowa
and Illinois, where yield goals and abatement levels tended to be
higher than average.
Notably, the generalized residuals for HR seed use and yield
goals had a significant impact on both pre-emergent and
post-emergent weed pressure. The parameter estimates sug-
gest that latent weed pressure was systematically higher on fields
where HR seeds were used and systematically lower on fields
where yield goals were high, even after controlling for observable
environmental conditions. In other words, failing to account for
endogeneity would have biased the results of the analysis.
Our results are similar to those obtained in field trials
(Table 5).32–37 For instance, Gower et al.38 found that weeds
damaged 37% of yields on tilled, untreated fields, but only 7%
on fields that were treated with a post-emergent glyphosate
application. Our analysis predicts crop damages of 15% and 1.4%,
respectively. Tharp and Kells39 found that weeds damaged 57%
Table 7. Damage abateda
Fields with post-emergent
glyphosate application (%)
Fields without post-emergent
glyphosate application (%)
2005 2010 2005 2010
By tillage and cultivation 6*** 3*** 11*** 5***
By tillage 4*** 2*** 8*** 5***
By cultivation 1*** 0.5* 1*** 0.1*
By pre-emergent and post-emergent herbicides 20*** 19** 10*** 15**
By pre-emergent herbicides 3*** 3** 4*** 4***
By post-emergent herbicides 12*** 10** 5*** 8**
a Asterisks *, **, and *** denote 10, 5, and 1% levels of significance.
Table 8. Yield losses abated
Fields with post-emergent
glyphosate application (kg ha−1)
Fields without post-emergent
glyphosate application (kg ha−1)
2005 2010 2005 2010
By tillage and cultivation 637*** 356*** 1254*** 586**
By tillage 446*** 251*** 979*** 553**
By cultivation 96*** 56* 141*** 17
By pre-emergent and post-emergent herbicides 2249*** 2335** 1111*** 1743**
By pre-emergent herbicides 351*** 383** 433*** 479*
By post-emergent herbicides 1374*** 1267** 603*** 1033*
a Asterisks *, **, and *** denote 10, 5, and 1% levels of significance.
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Table 9. Percentage of weeds controlled by post-emergent glyphosate applications (at the label rate) in HT production systemsa
Impacts of resistance (%)
Number of state-level
glyphosate-resistant weeds
Average percentage of
weeds controlled 2.5th percentile
Average of
bootstrapped
estimates
97.5th
percentile
None 98.9***
One 97.2*** −0.04 −1.7* −3.7
Two 91.7*** −1.0 −7.2* −15.8
Three 70.7*** −1.7 −28.2* −61.0
Fourb −17.9 −2.5 −116.8 −232.2
a Asterisks *, **, and *** denote 10, 5, and 1% levels of significance.
b Only 53 out of 2397 observations are located in states with more than three glyphosate-resistant weed species.
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Figure 3.Average post-emergent weed control provided by glyphosate for US farmers who plant HR corn seeds, by number of glyphosate-resistant weed
species.
of yields on untilled, untreated fields, but only 2% on fields that
were treated with a post-emergent glyphosate application. Our
analysis predicts 36% and 4%, respectively.
Generally, we predict higher levels of control from
post-emergent glyphosate applications and lower yield losses
than most field trials. This is not surprising given that weed popu-
lations on university-affiliated sites tend to be higher than weed
populations on commercial fields.36 Alternatively, it is possible
that weed pressure was lower during our study period than in the
years that the field trials were conducted.
As far as the efficacy of weed control is concerned, we
find that post-emergent weed control was more effective
for post-emergent glyphosate users than for other farm-
ers (c2
g > c2
ng), especially on fields in HR production systems
(Table 4). Post-emergent weed control was more effective than
pre-emergent control (c2
g > c1) for post-emergent glyphosate
users but post-emergent control was less effective than
pre-emergent control (c2
ng < c1) for other farmers.
Assuming that farmers did not control weed infestations, we
predict that weeds would have caused average yield losses of
approximately 4500 kg ha−1 (39% of weed-free yields) in 2005
and 3900 kg ha−1 (32% of weed-free yields) in 2010 (Table 6).
Given farmers’ pre-emergent and post-emergent expenditures on
weed control, we predict average yield losses of approximately
800 kg ha−1 (7%) in 2005 and 400 kg ha−1 (3%) in 2010. This implies
that weed control increased the yields of farmers in our sample by
an average of approximately 3700 kg ha−1 (worth $US 255 ha−1)
in 2005 and an average of approximately 3500 kg ha−1 (worth $US
575 ha−1) in 2010.
Our results suggest that farmers who used glyphosate in
post-emergent herbicide applications obtained the vast majority
of their weed control from chemical applications (Tables 7 and 8).
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On average, these farmers reduced their yield losses by
2249 kg ha−1 by using herbicides in 2005 and by 2335 kg ha−1
by using herbicides in 2010. Most of this weed control was
obtained via post-emergent applications, which reduced damage
from weeds by 12% in 2005 and by 10% in 2010.
Farmers who did not use glyphosate in post-emergent herbicide
applications obtained most of their weed control from tillage in
2005 but relied heavily on post-emergent herbicides in 2010. It is
unclear what drove this trend. One explanation is that increasing
cornprices raised theoptimal level ofweedcontrol throughout the
2010 growing season. Because these price increases occurred after
pre-emergent weed control decisions had been made farmers
increased their post-emergent herbicide usage.
Our results suggest that glyphosate kills approximately 99%
of weeds, on average, when applied at the label rate (1.12 kg
glyphosate ha−1) in HR production systems if glyphosate-resistant
weeds are not present (Table 9). Not surprisingly, the efficacy of
glyphosate applications is lowerwhenglyphosate-resistantweeds
are present (Fig. 3). Themagnitude of this effect is fairly small when
small numbers of glyphosate-resistant weed species are present
(the presence of one glyphosate-resistant weed species reduces
control by approximately two percentage points at the label rate).
However, the presence of three ormore glyphosate-resistantweed
species reduces control by over 30 percentage points.
Generally, these results should be interpreted with caution.
While resistance tends to be localized, our measure of resis-
tance is a state-level variable. Even if glyphosate’s efficacy is very
low on fields where weed resistance has developed, the aver-
age state-level impact will be small if resistance is uncommon.
This suggests that our results may underestimate the impacts of
glyphosate resistance on weed control.
4 CONCLUSION
This article studies glyphosate resistance in US corn production
using a behavioral model of corn farmers’ weed control deci-
sions. It analyzes cross-sectional data from the USDA’s 2005 and
2010 ARMS. Because we use a state-level variable as a proxy
for glyphosate resistance, our estimates should be interpreted as
state-level averages, not field-level impacts.
We found that the presence of one or two glyphosate-resistant
weed species had a fairly small impact on control, but that the
presence of multiple resistant weed species could decrease con-
trol by over 30 percentage points. Our findings also highlight
differences in crop production technologies. Farmers who use
glyphosate inpost-emergent applications tend togetmost of their
weed control from glyphosate applications. Farmers who do not
use glyphosate in post-emergent applications relied heavily on
tillage for weed control in 2005 but on post-emergent herbicides
in 2010.
To our knowledge, reliable field-level data on weed popula-
tions do not exist for U.S. crops. Collecting these data would be
time-consuming and expensive. However, this task could become
increasingly feasible as remote sensing and precision agriculture
technologies mature. Future studies should attempt to identify
good sources of field-level data. These data could improve the
accuracy and representativeness of empirical studies of weed
control.
SUPPORTING INFORMATION
Supporting informationmay be found in the online version of this
article.
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